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Comparing the pathogen genomes from several cases of an infectious disease
has the potential to help us understand and control outbreaks. Many methods
exist to reconstruct a phylogeny from such genomes, which represents how
the genomes are related to one another. However, such a phylogeny is not di-
rectly informative about transmission events between individuals. TransPhylo
is a software tool implemented as an R package designed to bridge the gap be-
tween pathogen phylogenies and transmission trees. TransPhylo is based on a
combined model of transmission between hosts and pathogen evolution within
each host. It can simulate both phylogenies and transmission trees jointly under
this combined model. TransPhylo can also reconstruct a transmission tree based
on a dated phylogeny, by exploring the space of transmission trees compatible
with the phylogeny. A transmission tree can be represented as a coloring of a
phylogeny where each color represents a different host of the pathogen, and
TransPhylo provides convenient ways to plot these colorings and explore the
results. This article presents the basic protocols that can be used to make the
most of TransPhylo. © 2021 The Authors.
Basic Protocol 1: First steps with TransPhylo
Basic Protocol 2: Simulation of outbreak data
Basic Protocol 3: Inference of transmission
Basic Protocol 4: Exploring the results of inference
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INTRODUCTION
Pathogen genomics has great potential to help us understand how infectious diseases
spread between hosts. If we consider for example just two pathogen genomes from two
separate cases, and we find that there are many differences between the genomes, then
we can deduce that direct transmission is unlikely. Conversely, if there are few differ-
ences between the genomes, then transmission or a shared source is more likely. More
generally, if we consider many genomes, each of which was isolated from a different
case of the same disease, then we can ask ourselves what this data tells us about who
infected whom among the individuals. We would not usually expect to be able to answer
this question exactly, which is why it is important to use a statistical method of analysis
that can correctly quantify all uncertainties.
Comparing many genomes of a pathogen is often done by constructing a phylogenetic
tree, and the development of phylogenetic methods has a long and successful history
(Yang & Rannala, 2012). In order to draw epidemiological interpretations, it is espe-
cially useful to consider a dated phylogeny (Biek, Pybus, Lloyd-Smith, & Didelot, 2015;
Drummond, Pybus, Rambaut, Forsberg, & Rodrigo, 2003; Grenfell et al., 2004). In a
dated phylogeny, the axis represents time rather than genetic distance; the dates of the
leaves are the known dates of sampling of the genomes and the dates of the internal
nodes are the estimated dates when common ancestors existed. Reconstructing such a
dated phylogeny requires a genome sequence alignment and the dates of at least some of
the genomes. Software to reconstruct dated phylogenies include BEAST (Suchard et al.,
2018), BEAST2 (Bouckaert et al., 2019), LSD (To, Jung, Lycett, & Gascuel, 2016), Bact-
Dating (Didelot, Croucher, Bentley, Harris, & Wilson, 2018), treedater (Volz & Frost,
2017), and TreeTime (Sagulenko, Puller, & Neher, 2018).
Dated phylogenies are extremely useful in genomic epidemiology, but it is important to
note that they do not represent transmission events (Jombart, Eggo, Dodd, & Balloux,
2011; Pybus & Rambaut, 2009). Let us consider for example three hosts A, B ,and C
(assumed to be the only cases of a disease), with the pathogen phylogeny showing A
and B more closely related to one another than to C, as shown in Figure 1A. The node X
corresponding to the last ancestor of A and B does not represent the point of transmission
between A and B. This last ancestor X could have existed in host A, with transmission
from A to B on the branch from X to B, as shown in Figure 1B. Or X could have existed
in host B with transmission from B to A on the branch from X to A, as shown in Figure
1C. Or, it is even possible that X existed in host C with transmission from C to A on the
branch from X to A and transmission from C to B on the branch from X to B, as shown
in Figure 1D. Thus, the phylogeny indicates neither the timing nor the infector/infectee
pairs of the transmission events, because the pathogen diversifies and evolves within each
host (Didelot, Walker, Peto, Crook, & Wilson, 2016), and the phylogeny represents the
sum of all this within-host evolution.
Instead, the phylogeny can be thought of as the result of the within-host evolution that
happened in each of the sampled hosts and their infectors, and the infectors of their infec-





Figure 1 Illustration of how a given dated phylogeny (A) can be compatible with multiple trans-
mission trees (B-D). In parts (B-D), the red, green and blue boxes correspond to evolution of the
pathogen in hosts A, B, and C, respectively.
This source case, like every infector in the transmission tree, may or may not be sampled.
For each point in the phylogeny, we can ask which was the likely host of the pathogen:
one of the sampled individuals, one of their infectors, one of the infectors of their in-
fectors, etc. Answering this question is equivalent to breaking down the phylogeny into
individual within-host phylogenies. This formulation provides a direct bridge between
phylogeny and transmission tree, since a jump of the pathogen from one host to an-
other corresponds to a transmission event. TransPhylo was developed to solve exactly
this problem: given a dated phylogeny, what can we infer about the transmission events
between hosts? TransPhylo addresses this question by attempting to color the branches
of the phylogeny with a different color for each host. If we assume that all cases have
been sequenced, then we know that the number of colors must be equal to the number of
leaves in the tree, with each leaf being of the color corresponding to each host (Didelot,
Gardy, & Colijn, 2014). But we can also extend this coloring concept to the situation
where some cases may not have been sampled, in which case additional colors can be
used to represent unsampled cases that do not lead to any leaf (Didelot, Fraser, Gardy, &
Colijn, 2017).
Basic Protocol 1 introduces the key concepts used in TransPhylo and Basic Proto-
col 2 demonstrates how to simulate outbreak data. Basic Protocol 3 shows how to
infer a transmission tree given a dated phylogeny. This is the main functionality of
TransPhylo, which most users are likely to want to follow and apply to their own
data, but reading Basic Protocols 1 and 2 first will help users understand how Ba-
sic Protocol 3 works. Basic Protocol 4 presents several methods for exploring the




FIRST STEPS WITH TransPhylo
This protocol introduces the basic concepts used by TransPhylo. First the TransPhylo
package is loaded, and then it is used to simulate and display both a transmission tree






The TransPhylo package is distributed as an R package within the Comprehensive
R Archive Network (CRAN) project. It supports all computer platforms that can
run R, including Windows (32-bit, 64-bit), Mac OS X (32-bit, 64-bit), and
Unix/Linux.
Software
The latest TransPhylo stable release version for Windows, Mac OS X, and
Unix/Linux is available from CRAN (https://cran.r-project.org/package=
TransPhylo). The latest development branch is available from GitHub
(https://github.com/xavierdidelot/TransPhylo).
Installing TransPhylo
1. Install R. The R statistical computing environment is required to run TransPhylo.
Users need to download and install R from https://cran.r-project.org
2. Install the TransPhylo package. Open R and type the following command:
install.packages("TransPhylo")
Alternatively, to install the latest development branch from GitHub you can use:
install.packages("devtools")
devtools::install_github("xavierdidelot/TransPhylo")




Displaying an example, including both transmission tree and phylogenetic tree









After setting the random-number generator seed so that the results are reproducible, the
command simulateOutbreak is used to simulate an outbreak containing ten sam-
pled cases. When simulating an outbreak, both the phylogenetic tree and the transmission
tree are known exactly as described below. More details about outbreak simulation will
be provided in Basic Protocol 2. This command returns an object of class ctree (stands
for colored tree, for reasons which will become clear soon), which contains all the infor-
mation about an outbreak. This information is essentially made of two inter-dependent
parts. The first part is the dated phylogeny representing how the ten sampled genomes
are related to one another. The dated phylogeny can be extracted from a ctree object
using the command extractPTree, which returns an object of class ptree (stands
for phylogenetic tree), which can then be plotted as shown in Figure 2A. Each of the ten
sampled genomes is shown as a leaf in this phylogeny, and is aligned on the x axis with
the date when each of the ten genomes was isolated.
The second part of the simulated data is the transmission tree, which can be extracted




Figure 2 Dated phylogeny (A), transmission tree (B), and colored phylogeny (C) for a small
simulated outbreak with ten sampled cases and five unsampled cases.
class ttree (stands for transmission tree), which can then be plotted as shown in Figure
2B. In this graphical representation of the transmission tree, each case is represented as a
circle: the five empty circles represent unsampled cases and the filled circles represent the
ten sampled cases. The presence of unsampled cases is due to the fact that TransPhylo
does not assume that all cases in an outbreak are necessarily going to be reported and
sequenced. Each circle is aligned on the x axis with the date when each case was infected.
A link from one circle to another represents transmission from one case to another, which
has to be in the direction from left to right since transmission from a case can only happen
after infection of that case. We can see that the sampled individual labeled 1 was the Didelot et al.
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source case of this outbreak, and that 1 infected 2, who in turn infected 3. Individual
1 also infected an unsampled individual around 2001 who infected another unsampled
individual just before 2004, from which individual 4 was directly infected, as well as the
remaining sampled cases via more unsampled cases. Note that each of the ten sampled
cases shown by a filled circle in the transmission tree corresponds to one of the ten leaves
of the phylogenetic tree, but the five unsampled cases shown by empty circles do not
feature as leaves in the phylogenetic tree since by definition no genome was sampled
from these cases. The transmission tree shown in Figure 2B includes the information
about who infected whom, the date at which the transmission events happened, and the
date at which sampling happened for the sampled cases.
Relationship between the phylogenetic trees and the transmission tree
5. The phylogenetic tree and the transmission tree can be thought of as two sides of a
same coin. When they are both known, as is the case here in a simulated dataset, these
two aspects can be represented together on the same plot in the form of a colored tree
(which is what the object classctree stands for) as shown in Figure 2C. This colored
tree concept is at the heart of how TransPhylo works. If we ignore the colors, then
the tree is the same as the phylogenetic tree shown in Figure 2A. There is a unique
color for each of the cases (sampled or unsampled). Each segment of the tree is col-
ored according to the case that was hosting the pathogen. A change from one color to
another, therefore, represents a transmission event, and these are highlighted with red
stars. When a color reaches a leaf of the tree, it indicates that this case is sampled. If
a color does not lead to any leaf, then it corresponds to an unsampled case. The dates
of the stars, therefore, correspond to the dates of the transmission events as shown on
the x axis of the transmission tree (Fig. 2B), and the colors before and after each star
indicate who infected whom, as shown by the links in the transmission tree. This col-
ored tree, therefore, contains all the information shown in both the phylogenetic tree
(Fig. 2A) and the transmission tree (Fig. 2B). Note that the internal nodes of the phy-
logenetic tree do not correspond to transmission events, as is sometimes incorrectly
assumed, and that instead transmission events (stars) can occur at any point along the
branches of the phylogenetic tree.
When simulating an outbreak as above (see Basic Protocol 2 for more details), both
the phylogenetic tree and the transmission trees are known exactly. However, the main
functionality of TransPhylo is to infer the transmission tree from the dated phylogeny.
When performing such an inferential analysis (see Basic Protocol 3), the dated phy-
logeny is used as input and the transmission tree is the desired output. In other words,
the phylogenetic tree is known in advance but only in black and white, and TransPhylo
attempts to color the phylogeny to reveal the underlying transmission tree.
BASIC
PROTOCOL 2
SIMULATION OF OUTBREAK DATA
An outbreak can be simulated using the function simulateOutbreak. In Basic Pro-
tocol 1, this function was used without explanation of its various options, which are de-
tailed here. The outbreak model in TransPhylo is a combination of a transmission model,




Windows (32-bit, 64-bit), Mac OS X (32-bit, 64-bit), or Unix/Linux computer
Software
The installation of TransPhylo was described in Basic Protocol 1Didelot et al.
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Parameters of the transmission process
1. The outbreak is initiated with a single index case, who becomes infected at a time
specified by the dateStartOutbreak parameter. The outbreak proceeds follow-
ing a branching process, where each infected individual transmits to a number (pos-
sibly zero) of secondary cases, who in turn transmit to more individuals, etc. The
first component of this transmission process is the offspring distribution, which rep-
resents how many secondary infections are caused by any case. A negative-binomial
distribution is used to represent this offspring distribution, with parameters off.r
and off.p. The mean of this distribution is of special interest since it represents
how many secondary infections are caused by each case on average. This value
is often called the basic reproduction number and denoted R0, and it is equal to
off.r*off.p/(1-off.p). When the basic reproduction number is greater than
1, the outbreak is growing, whereas if it is lower than 1, the outbreak is shrinking.
The second component of the branching process is the generation time distribution,
defined here as the time interval between infection of an individual and subsequent
transmission to another individual. A gamma distribution is used to represent this
generation time distribution, with parameters w.shape and w.scale.
Parameters of the within-host evolution process
2. Within-host evolution is assumed to follow a coalescent model with a constant pop-
ulation size. This model only has a single parameter neg, which represents the aver-
age time of coalescence of two lineages. We note that this within-host model ignores
the fact that the pathogen population size would normally grow within the host after
infection, but it has the advantage of being simple both mathematically and compu-
tationally. A complete bottleneck is assumed at the point of transmission, such that a
single variant from the within-host population of the infector is selected uniformly at
random to seed the new within-host population of the infectee.
Parameters of the sampling process
3. Sampling of cases is assumed to occur with probability pi for each case, and to
happen at a time that is after the infection time by a value drawn from the sampling
distribution. This distribution is modeled as a gamma distribution with parameters
ws.shape and ws.scale. A limit to the sampling times can be imposed via the
parameter dateT, in which case any individual with sampling time after this limit is
effectively not sampled. This allows the simulation of ongoing outbreaks, where we
know that there may be more cases reported beyond the current date, but alternatively
the user can set dateT=Inf, which is equivalent to simulating a complete outbreak
without any limit in time. If the outbreak is not finite, the simulation will not finish;
there are various options to handle this, presented below.
Simulation of an outbreak
4. The ten parameters described above (dateStartOutbreak, off.r, off.p,
w.shape, w.scale, neg, pi, ws.shape, ws.scale and dateT)
can all be specified when calling the function simulateOutbreak. If
any of these parameters is not specified, then the following default values
are assumed: dateStartOutbreak=2000, off.r=1, off.p=0.5,
w.shape=2, w.scale=1, neg=0.25, pi=0.5, ws.shape=w.shape,
ws.scale=w.scale , anddateT=Inf. Instead of thew.shape andw.scale
parameters of the gamma distribution for the generation times, it is possible to specify
the mean and standard deviation of this distribution via the parameters w.mean
and w.std. Likewise, instead of the ws.shape and ws.scale parameters of the
gamma distribution for the sampling times, it is possible to specify the mean and




Finally, the optional parameternSampled can be used to force the simulation to have
a set number of sampled cases. This is achieved by repeating the simulation process
until the desired number of sampled cases is reached. This is convenient, since oth-
erwise the number of sampled cases can vary widely from one simulation to another.
For illustration purposes, it is often useful to have a small but not trivial number of
sampled cases, which is why nSampled=10 was used in Basic Protocol 1. How-
ever, it should be noted that a simulation thus obtained may be quite different from the
simulation process without conditioning on the number of sampled cases. Depending
on other parameters, the simulations may have a very small probability of having the
desired number of sampled cases, in which case it could take a long time to repeat
until this is achieved. In fact, the simulation process may not finish even without con-
ditioning on the number of sampled cases, if the parameters are not carefully chosen.
For example, simulateOutbreak(off.r=3) is likely not to finish, since it is
attempting to simulate a complete outbreak (since by default dateT=Inf) with a
basic reproduction number equal to 3 (since by default off.p=0.5, we have the
basic reproduction number as off.r*off.p/(1-off.p)=off.r). This has a
very small chance of finishing early, for example if the index case did not cause any
secondary infection, or if there was only one which itself did not cause any, etc. But
in most instances the number of cases will grow exponentially when the basic repro-
duction number is >1, and the simulation will not finish. TransPhylo will attempt to
simulate the whole outbreak even if it is not going to finish, and it is up to the user to




To simulate an outbreak with a basic reproduction number >1, it is therefore important
to carefully set the other parameters to ensure that the number of infectees remains man-
ageable. For example, let us consider a hypothetical pathogen for which the generation
time is 1 year on average with a relatively small variance, which can be modeled using
w.shape=10 and w.scale=0.1 (this corresponds to a mean w.mean=1 year and
a standard deviation of w.std=0.316 years). We can simulate the first 3 years of the







Visualization of simulated outbreaks
5. The result is shown in Figure 3. The transmission tree (Fig. 3A) is shown here using
an alternative representation from that previously used in Figure 2B, which captures
some more details of the transmission process. There is a unique row for each indi-
vidual in the transmission tree, whether they were sampled or not. The infectiousness
of each individual is shown as a horizontal line with darkness proportional to the in-
fectiousness. Sampling of individuals is shown by the red dots. In this example, there
were nine cases in total, but only five were sampled. Both transmission (vertical ar-
rows) and sampling (red dots) are more likely to happen when the infectiousness is
high. This representation only shows the transmission tree, but the simulation also
contains the phylogenetic tree of relationships between sampled genomes. Combin-
ing both the transmission tree and the phylogeny, we obtain a colored tree as explained
in Basic Protocol 1, which is shown in Figure 3B.Didelot et al.
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Figure 3 Detailed transmission tree (A) and colored phylogeny (B) for a small simulated outbreak.
With a basic reproduction number equal to 3, the outbreak grows exponentially, which
is not clear in the example above, but becomes obvious if we consider a longer time





The resulting transmission tree is shown in Figure 4, where a more compact format is
used to represent the tree due to the large number of cases involved. Specifically, there
are 241 individuals represented in this transmission tree, 102 of which are sampled. Note
that this proportion of sampling is higher than the specified value of the parameter pi
for two reasons. Firstly, any individual who is unsampled and does not lead to at least
one sampled individual is pruned from the transmission tree. Secondly, the outbreak is
ongoing, so that recently infected individuals have little chance to satisfy the criteria in
the previous sentence and are therefore pruned out. The reason for this pruning out is
that transmission trees, as defined by the ttree class of TransPhylo, are designed to
represent only sampled individuals and the unsampled individuals who acted as links be-
tween the sampled individuals. This is because the main aim of TransPhylo is to infer the
transmission tree between sampled individuals (as described in detail in Basic Protocol
3). It is also interesting to note that few cases are shown in Figure 4 in the year 2026,
even though the outbreak was simulated until the start of 2027. This happens because the Didelot et al.
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Figure 4 Transmission tree for a large simulated outbreak.
sampling distribution (as determined by the parameters ws.shape and ws.scale)
was not specified and therefore defaulted to the same distribution as the generation times
(as determined by the parameters w.shape and w.scale) with mean 1 year and little
variance. Individuals who became infected in 2026, therefore, have little chance to be
sampled before the start of 2027, and therefore are not shown in the transmission tree.
Exporting a simulated outbreak
6. This simulation protocol of TransPhylo is especially useful to simulate outbreaks and
benchmark how accurate methods of inference (either Basic Protocol 3 of TransPhylo
or some other method) are likely to be when applied to real datasets (Ness et al., 2019;
Stimson et al., 2019; Walter et al., 2019). In this case, it is important to make sure that
the parameters used for the simulation are realistic for the pathogen of interest in the
real data. The dated phylogeny within a simulation can be saved for further use by
first converting to the phylo class of the ape package (Paradis & Schliep, 2019), and






Both the Newick and Nexus formats store the dated phylogeny in relative time, so that
the leaves and nodes are correctly spaced in time, but the absolute dates are unknown.
However, subsequent analysis of the simulation may require knowing the absolute dates,
especially in relation with the absolute dates when the outbreak started (parameter dat-
eStartOutbreak) and when sampling of cases stopped (parameter dateT). It is then
necessary to also store the absolute date of one of the samples, from which other dates
can be deduced; TransPhylo expects the date of the last sample (or in other words the
absolute date of the most recent leaf in the tree). In the case of the simulation from
Figure 4, this date is 2026.994, which is measured in decimal years and falls just be-
fore the end of sampling at the start of 2027. If needed, dates in decimal years can







The date returned for the last sample is then the 29th December 2026, whereas the end




This basic protocol describes the main functionality of TransPhylo, which is to recon-
struct a transmission tree from a dated phylogeny. The starting point for this protocol is
a file containing the dated phylogeny. This would typically be reconstructed from dated
genomes using BEAST (Suchard et al., 2018), BEAST2 (Bouckaert et al., 2019), or Bact-
Dating (Didelot et al., 2018). Here for simplicity and ease of reproducibility, we will use











#This file contains the Newick string used in the protocol below
Necessary Resources
Hardware
Windows (32-bit, 64-bit), Mac OS X (32-bit, 64-bit), or Unix/Linux computer
Software
The installation of TransPhylo was described in Basic Protocol 1
Loading and displaying the phylogeny
1. The Newick representation of the tree, as well as the date of the last sample, which











The result is shown in Figure 5. This tree contains 13 leaves, since in the simulation,
there were 13 sampled individuals. This is only a fraction of the number of infected in-
dividuals, since the simulation used a sampling fraction of pi=0.3 and a date for the
end of sampling of dateT=2025. The simulation also used a generation time distribu-




Figure 5 Dated phylogeny used as input for inference.
off.r=3 (since off.p=0.5 by default), and a within-host coalescent time neg=1
year.
Running the inference
2. Inference requires the date dateT at which sampling of cases ended, which is gener-
ally known for a given outbreak. If the outbreak has finished and is analyzed ret-
rospectively, then we set dateT=Inf. If on the other hand the outbreak is on-
going and cases up to the current date are available, then the command deci-
mal_date(now()) from the lubridate R package (Grolemund & Wickham, 2011)
will provide the current date in decimal year format. For the analysis of the tree in
Figure 5, we know that the simulation used dateT=2025.
Inference also requires either the values w.shape and w.scale or w.mean and
w.std for the Gamma distribution representing the generation time distribution.
Here we will use the values that were used in the simulation, but when analyzing
real datasets, it is necessary to estimate these parameters for the pathogen being an-
alyzed. These parameters are available in the scientific literature for a wide range of
pathogens. When the generation time distribution is not well documented, it can often
be assumed to be approximately equal to the serial interval times between onset of
symptom dates between pairs of infectors and infectees (Cori, Ferguson, Fraser, &
Cauchemez, 2013). The distribution of interval between infection and sampling of a
case also needs to be specified, and by default will be assumed to be equal to the gen-
eration time distribution. This should be approximately correct for many infectious
diseases where symptoms are associated with both detection and transmission.
To perform the inference, TransPhylo uses a method called Markov Chain Monte-
Carlo, which is often abbreviated as MCMC (Gilks, Richardson, & Spiegelhalter,
1996). Briefly, MCMC is an iterative procedure in which the transmission tree and
other unknown parameters such as the sampling fractionpi are repetitively “guessed”
and then discarded or retained according to how well they fit the data available. This is
done in such a way that the values obtained during the course of the MCMC represent
samples from the correct posterior distribution. It is important to run this procedure
for long enough before starting to record the values visited to allow the MCMC to
“converge,” i.e., to move away from the arbitrary chosen starting point of the MCMC
and toward values that are probable in the posterior distribution. This initial phase
of the MCMC is called the burn-in. It is also necessary to run the MCMC for longDidelot et al.
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Figure 6 Traces of the Markov Chain Monte-Carlo.
enough after the burn-in to allow the MCMC to “mix,” i.e., to thoroughly explore
the range of plausible values. During the MCMC iterations after the burn-in, the un-
known parameters are recorded at regular intervals to return a manageable number of
samples and to avoid autocorrelation between recorded values. The interval between
two samples is called the thinning interval.





The first line sets the random-number generator seed for reproducibility, the second line
runs the inference, and the third line plots the result. In the second line, the first parameter
p is the dated phylogeny formed in the previous script. The next three parameters specify
the values of w.shape and w.scale for the generation time distribution, and the date
dateT at which sampling of cases was stopped. The parameter mcmcIterations
represents the number of MCMC iterations to perform in total (including burn-in). Fi-
nally, the thinning interval is specified using the parameter thinning. Running this
code on a standard laptop took approximately 2 min.
Checking the convergence and mixing
3. Before exploring the results of the inference (see Basic Protocol 4), it is necessary
to make sure that the MCMC achieved good convergence and mixing properties. A
first indication of this is given by plotting the traces of the MCMC, and this is what is
done in the third line of the script above, which generates Figure 6. If the trace of each Didelot et al.
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parameter looks like a caterpillar without any obvious upward or downward trend,
as in Figure 6, it suggests that the MCMC has converged and mixed successfully.
Otherwise, it may be necessary to increase the length of the MCMC.
We recommend further inspection of the MCMC convergence and mixing using the
CODA package (Plummer, Best, Cowles, & Vines, 2006), which implements several
methods, one of which is to compute the Effective Sample Size (ESS) for each pa-






For the MCMC shown in Figure 6, we find that even the smallest ESS (for the within-
host coalescent time neg) is just above 100, which means that the mixing is satisfactory.
We will explore this MCMC result in the Basic Protocol 4 below, in the interest of repro-
ducibility of the results in a short amount of time. However, it should be noted that longer
runs would be advisable to improve the MCMC mixing statistics, if this were an analysis
of a real outbreak with the aim of sharing results. Longer runs can be performed by in-
creasing the values of the parameters mcmcIterations. The run time of the command
inferTTree is approximately proportional to the number of MCMC iterations, and
therefore to the value of the parameter mcmcIterations. For example, a run ten times
longer than the one above with parametersmcmcIterations=1e6,thinning=10
takes approximately 20 min and gives all ESS values above 500.
BASIC
PROTOCOL 4
EXPLORING THE RESULTS OF INFERENCE
In this protocol, we explore the results of the inference performed in the previous proto-
col, taking our starting point as r=inferTTree(…) as above and assuming that the
convergence and mixing are satisfactory.
Necessary Resources
Hardware
Windows (32-bit, 64-bit), Mac OS X (32-bit, 64-bit), or Unix/Linux computer
Software
The installation of TransPhylo was described in Basic Protocol 1
Exploring the inferred parameter values
1. We start with the values of the main parameters, which can be displayed using:
print(r)
This command returns the mean and the 95% credible interval (in square brack-
ets) of the main parameters in the inference. In the example, the command returns
pi=0.41 [0.134;0.798], neg=1.30 [0.215;4.38], off.r=3.41
[1.71;5.61]. We note that the inferred values for these three parameters are close
to the correct values used in the simulations (0.3, 1, and 3, respectively, see step 1).
However, the credible intervals are quite large due to the fact that there is relatively little
information about these parameters in this small dataset with just 13 leaves in the dated
phylogeny (Fig. 5). Since the seed of the random number generator was set equal to zero
in step 2 of Basic Protocol 3, the exact same values as above should be obtained when
running the code above. However, if a different seed was used, slightly different values




Figure 7 Medoid inferred transmission events shown as a colored phylogeny (A) and as a de-
tailed transmission tree (B).
Exploring the inferred transmission tree
2. The inference also explores the probable possibilities for who infected whom. Each
iteration of the MCMC explored one such transmission tree, but since it is not prac-
tical to visualize each of them separately, a statistical summary needs to be used. It
is, however, difficult to summarize all the transmission trees in the posterior sample
without losing information about their diversity. This problem is similar to the way
Bayesian phylogenetic methods need to summarize their results (Heled & Bouckaert,
2013; Höhna, Landis, & Heath, 2017; Kendall & Colijn, 2016). One approach is to try
to find a single transmission tree that best represents all the transmission trees in the
posterior sample. TransPhylo can return such a tree by computing the medoid, which
means finding the transmission tree from the posterior that is least different from all
others according to a well-defined distance metric (Kendall, Ayabina, Xu, Stimson,





The result of this script is shown in Figure 7. The advantage of this approach is that it re-
turns a single transmission tree, which can therefore be shown either as a coloring of the
dated phylogeny (Fig. 7A) or as a separate transmission tree (Fig. 7B), using exactly the
same visualization techniques as we described earlier for simulated transmission trees
(Fig. 3A). However, the drawback of this approach is that it loses all information about Didelot et al.
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Figure 8 Matrix of transmission probabilities between cases (A) and matrix of distance between
cases in the transmission tree (B).
the uncertainty of who infected whom. In real-life applications, there are typically many
transmission trees with non-negligible statistical support, so that it is not possible to plot
them all separately. A useful alternative is therefore to compute the probability of in-
fection from each case to another. An extension of this idea is to compute the average
distance from each case to another in number of transmission links. These two matrices







The result of this script is shown in Figures 8A and 8B. Figure 8A shows that only five
events have a posterior probability higher than 50%, namely the transmission events from
1 to 4, from 4 to 10, from 2 to 9, from 2 to 8, and from 2 to 7. Note that these five events are
found in the medoid transmission tree (Fig. 7). The matrix matTDist is symmetric, as
it measures the length of the transmission separating pairs of cases. Direct transmission
corresponds to a distance of one, transmission via a single intermediate corresponds to
a distance of two, etc. When this distance is one between cases A and B, the sum ofDidelot et al.
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Figure 9 Infection date for a selected individual (A) and number of secondary cases caused by
that same individual (B).
the transmission probabilities from A to B and from B to A in the matrix matWIW is
equal to one. However, the matrix matTDist provides more information about indirect
transmission. For example, the transmission probabilities from A to B and from B to A
would both be zero in matWIW regardless of whether there was a single individual or
many intermediates in the transmission chain separating A and B.
Exploring the inferred transmission properties of each host
3. The distributions of infection time and number of offspring for any individual can




Figures 9A and 9B show the result of these two commands, respectively. Finally, we can
compute the realized distributions in the transmission trees sampled by MCMC for the




The output of these three commands is shown in Figure 10. In Figure 10A, the number
of cases are shown over time against their infection dates (x axis) and colored according
to whether they were sampled or not. Only the cases that feature in the transmission trees
are shown, which includes all sampled cases plus unsampled cases that lead to at least Didelot et al.
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Figure 10 Number of cases in the transmission tree (A), realized generation time distribution (B),
and realized sampling time distribution (C).
one sampled case. This is the reason why the number of cases seems to go down in the
last couple of years: individuals who have recently become infected are less likely to be
sampled (due to the delay between infection and sampling) and also less likely to lead to
another individual being sampled (due to both the delays from infection to onward trans-
mission and from infection to sampling). Given these two effects, TransPhylo computes
the probability that a case infected on a given date would feature in the transmission tree,
and this is shown by the solid line in Figure 10A.
Figures 10B and 10C show the realized generation time distribution (delay from infec-
tion to transmission) and sampling distribution (delay from infection to sampling) for
individuals that feature in the transmission tree. Both distributions are slightly shifted
toward smaller values compared to the distributions used for simulation (which were
both Gamma with a shape of 5 and scale of 0.3, and so have a mean of 1.5 years). ThisDidelot et al.
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difference is expected, because individuals who have a smaller generation time and/or
sampling time are more likely to be sampled (since sampling ended in 2025) or to have
sampled descendants, and therefore more likely to be included in the transmission tree.
Further exploration of inferred results
4. Depending on the user’s interests, many further investigations can be performed on
the TransPhylo results of inference of a transmission given a dated phylogeny. These
results are fully stored in the object returned by the r=inferTTree(…) command.
This object r has a relatively simple structure, which makes it easy for users to write
their own code to explore it. It is simply a list with one element for each sampled
MCMC iteration. If we consider the first such element, for example (r[[1]]), we
can extract from it a full record of the state of the MCMC at that iteration, including the
colored tree (r[[1]]$ctree) and the values of the parameters neg, pi, off.r




A simple method for assessing the proba-
bility of transmission between two individuals
is to count the number of differences between
two pathogen isolate genomes, and to rule out
transmission if this number is greater than a
carefully chosen threshold (Eyre et al., 2013;
Walker et al., 2013, 2014). It is, however, dif-
ficult to determine what the threshold should
be. A slightly more natural approach is to esti-
mate the time of the most recent common an-
cestor between the two genomes, in order to
assess whether this ancestor could have lived
within one of the individuals who would have
infected the other one, which can more eas-
ily be assessed based on pathogen epidemi-
ology (Didelot et al., 2012b, 2013; Eldholm
et al., 2016). The simplicity of these pairwise
approaches is attractive, and they make lit-
tle assumption about epidemiological factors,
such as whether or not all cases were sam-
pled. However, a pairwise approach is inher-
ently limited: the distance between genomes
from A and B may tell us something different
about transmission between A and B once we
account for their distances to other genomes.
In order to avoid this problem with pair-
wise approaches, it is necessary to consider the
whole transmission tree in a single analysis.
One of the earliest methods of transmission
tree reconstruction was SeqTrack (Jombart
et al., 2011), which later evolved into out-
breaker (Campbell et al., 2018; Jombart et al.,
2014). The main contribution of TransPhylo
compared to these methods is that it accounts
for the within-host evolution when recon-
structing a transmission tree, which can be
very important to avoid overinterpretation
of the genomic data (Didelot et al., 2016).
The first version of TransPhylo was written
in Matlab and assumed that all cases were
sampled (Didelot et al., 2014). This version
was therefore only useful in the rare cases
where field epidemiologists were certain to
have detected and sequenced all or almost
all cases (Hatherell et al., 2016). Alternative
approaches that can jointly infer the trans-
mission tree and phylogeny also require full
sampling (Hall, Woolhouse, & Rambaut,
2015; Klinkenberg, Backer, Didelot, Colijn,
& Wallinga, 2017; Ypma, van Ballegooijen, &
Wallinga, 2013). More recently, TransPhylo
has been rewritten in R and can handle both
unsampled cases and ongoing outbreaks
(Didelot et al., 2017).
TransPhylo has been applied to a large
number of different pathogens, including
tuberculosis outbreaks in various settings
(Ayabina et al., 2018; Folkvardsen et al., 2017;
Khan et al., 2019; Séraphin et al., 2018; Xu
et al., 2019; Xu et al., 2020; Yang et al., 2018),
HIV (Mak et al., 2020; Ratmann et al., 2017),
mumps (Stapleton et al., 2019), Staphylococ-
cus aureus (Cheng et al., 2019), Klebsiella
pneumoniae (Kwong et al., 2018; van Dorp
et al., 2019), Neisseria gonorrhoeae (Os-
nes et al., 2020; Whittles, White, & Didelot,
2019), and SARS-CoV-2 (Mavian, Marini,
Prosperi, & Salemi, 2020; Wang et al., 2020).
Critical Parameters
When inferring a transmission tree using
TransPhylo, it is important that the phyloge-
netic tree used as input be correctly recon-
structed and dated. As much genetic data per
isolate as possible should be used for the phy-
logenetic inference, and ideally whole genome
sequences should be used since this provides
the best genetic resolution (Didelot, Bow-




dating, it is important to carefully consider the
choice of molecular clock model that relates
genetic distances with time (Didelot, Siveroni,
& Volz, 2021). The parameters w.shape
and w.scale specifying the generation time
distribution should also be carefully chosen
based on the epidemiology of the infectious
pathogen under study, as described in Basic
Protocol 3. When there is considerable uncer-
tainty about these parameters and/or the phy-
logeny, sensitivity analysis can be used to test
the robustness of the transmission analysis re-
sults (Didelot et al., 2014; Xu et al., 2019,
2020).
Troubleshooting
The protocols should be easily repro-
ducible if applied using exactly the same con-
ditions as described above. However, prob-
lems can arise if the conditions are changed,
for example if inferring the transmission tree
(Basic Protocol 3) based on a new set of
pathogen genomes. It is often possible to di-
agnose and solve the problem by breaking
down the process into small steps or perfom-
ing the analysis for selected subsets of the
data. Several frequently occurring problems
with solutions are described at https://github.
com/xavierdidelot/TransPhylo/ issues, which
is also the best place to report new issues
and ask for help from the authors and wider
TransPhylo community.
Understanding Results
The first step to ensure that results of a
TransPhylo transmission analysis are correctly
understood is to check the convergence and
mixing properties of the TransPhylo algo-
rithm, as described in Basic Protocol 3. If the
MCMC has not converged or mixed appropri-
ately, the results will be meaningless, and it
is therefore necessary to re-run the algorithm
with more iterations. Once good convergence
and mixing properties have been achieved, the
results can be interpreted following the steps
described in Basic Protocol 4. It is impor-
tant to bear in mind that TransPhylo does not
reconstruct a single transmission tree, even
if methods are described to summarize the
results into this format for convenience. In-
stead, TransPhylo explores the whole poste-
rior distribution of transmission trees, which
typically includes significant uncertainty on at
least some of the exact transmission links.
Time Considerations
The time taken to run a TransPhylo trans-
mission analysis is determined by the num-
ber of iterations being done in the MCMC,
which needs to be large enough to achieve
good convergence and mixing properties. The
analysis of a typical dataset (∼100 genomes
with a sampling proportion around 50%) re-
quires around a million iterations, which takes
between one and a few hours (Didelot et al.,
2017). For larger datasets, the run time should
be approximately proportional to the number
of genomes, all other factors being equal. The
analysis of more sparsely sampled datasets is
expected to take longer than the analysis of
more densely sampled datasets, for two rea-
sons. Firstly, the likelihood computation per-
formed at each step of the MCMC takes time
that is proportional to the number of cases
(sampled or unsampled) in the transmission
tree. Secondly, the number of iterations re-
quired also increases with the sparsity of the
sampling, since this implies more unknown
quantities to infer for which the uncertainty
needs to be quantified.
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